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Abstract

Progress in legal AI increasingly depends on access to authoritative legal text at
scale. Yet one of the most consequential layers of American law remains largely ab-
sent from existing machine-readable corpora: local ordinances. Local codes govern
zoning, housing, business licensing, public health, noise, animal control, and many
other domains of everyday regulation, but they are fragmented across vendor plat-
forms designed for human browsing rather than bulk research access. We introduce
LOCUS—the Local Ordinance Corpus for the United States—a comprehensive cor-
pus and county-harmonized access layer for U.S. municipal and county ordinance
codes. The raw corpus, available for release to researchers, represents nearly all
publicly available municipal and county ordinance codes. The resulting raw corpus
contains codes from 9,239 cities and counties. A smaller county-harmonized LO-
CUS access layer provides coverage for the largest 2,309 of 3,144 U.S. counties,
accounting for a majority of the population. We use OCR to handle the myriad of
document formats that have kept the law from being a public resource. We release
the corpus with coverage metadata to support reproducibility, downstream legal AI
research, and the incremental expansion of machine-readable access to local law.
We train a collection of ModernBERT-based classifiers and scorers to facilitate an-
alyzing U.S. local law among several dimensions, such as opacity and paternalism,
that have not previously been studied at this scale. LOCUS-v1 and its derivative
models are available at: https://huggingface.co/datasets/LocalLaws/LOCUS-v1

County code
City code
No coverage

Figure 1: LOCUS represents the longest digitally available code—city or county—for each county.
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§10-215.  False Emergency Alarms

It shall be unlawful for any person to intentionally make, knowingly start or spread any false
alarms of fire, riot, explosion, civil disturbance, or other breach of the peace for police,
fire, ambulance assistance, or to aid or abet in the commission of such an act.

FUNCTION Rules TOPIC Nuisance SUBSTANTIVE Yes

SOURCE Paris Municipal Code

LOCATION Henry County, Tennessee

Enforcement Discretion +1.10

Opacity 1.16

Paternalism +0.17

Problem Salience +2.62

low predicted z-score high

§10-94.  Attendance of Minors

No person under 16 years of age shall be admitted to a festival unless accompanied by an adult
who is 18 years of age or older.

FUNCTION Rules TOPIC Nuisance SUBSTANTIVE Yes

SOURCE Mecklenburg County Code

LOCATION Mecklenburg County, Virginia

Enforcement Discretion 0.03

Opacity 2.54

Paternalism +5.48

Problem Salience 0.07

low predicted z-score high

Figure 2: Two example ordinances with predicted scores (in standard units) on four axes (opacity,
enforcement discretion, paternalism, and salience.) produced by ModernBERT regressors (§5) and
function/topic labels produced by ModernBERT classifiers (§4.4). Together they demonstrate the
per-ordinance analysis enabled by LOCUS.

1 What it means to "free the law"

Legal AI systems increasingly operate over statutes, cases, regulations, contracts, and administrative
materials [Chalkidis et al., 2022, Henderson et al., 2022, Guha et al., 2023]. This expansion has been
accompanied by domain-specific resources for case law [Zheng et al., 2021], contracts [Hendrycks
et al., 2021, Koreeda and Manning, 2021, Tuggener et al., 2020], and statutory reasoning [Holzen-
berger et al., 2020]. Despite this, they still lack systematic access to one of the most consequential
layers of American law: local ordinances. These codes govern zoning, housing, building permits,
business licensing, public health, noise, signs, animal control, and other domains of everyday reg-
ulation. For many questions faced by residents, businesses, landlords, and local governments, the
relevant legal text is not only federal or state law, but a municipal or county code.

Local law is not merely another collection of statutes. It is a layered system of legal authority. State
statutes, county ordinances, municipal codes, home-rule provisions, charters, preemption doctrines,
and issue-specific delegations can all interact. Whether a state rule, county rule, or municipal rule
controls is often not obvious in the abstract and may depend on the legal domain. This makes local
law a particularly important setting for legal AI: a useful system must not only retrieve text, but
identify the relevant jurisdictional layer and reason about overlap, delegation, and conflict among
sources of authority.

We introduce LOCUS-v1, a large-scale corpus and county-harmonized access layer for U.S. local
ordinances. The first release of LOCUS adopts a deliberately transparent simplification: for each U.S.
county, we record the most substantial available local code among the county ordinance code and the
ordinance code of the county’s largest municipality, using document length as a reproducible proxy
for local-law coverage. This representation does not purport to decide which local authority controls
every legal question. Rather, it provides a common geographic substrate on which local legal text can
be searched, compared, and connected to population, geographic, Census, and policy data.

The need for such a dataset arises because local law is public but not practically available as a
national research corpus. Georgetown Law Library [2026], the most applied-to law school in the
United States comments, “there is unfortunately no single source where you can find a comprehensive
collection of all municipal codes.” U.S. local codes are fragmented across commercial vendor
platforms designed for in-browser reading rather than bulk research access. Vendors expose different
navigation structures, print workflows, dynamically generated PDFs, and jurisdiction indexes. No
central registry maps every county or municipality to its hosting platform, and no vendor provides
a complete machine-readable index of all jurisdictions it hosts. As a result, constructing a national
corpus requires discovering where each code lives, extracting it through platform-specific workflows,
validating the resulting artifacts, and harmonizing them to a common unit of analysis.

We leave full issue-specific hierarchy and conflict modeling to later releases and benchmark tasks.
This staged design reflects both the legal complexity of determining controlling authority and the
need to preserve uncontaminated evaluation settings for future legal-reasoning benchmarks.
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LOCUS enables a new class of legal AI and empirical legal studies applications. At the retrieval layer,
it supports search and question answering over local rules whose terminology varies substantially
across jurisdictions. At the representation layer, it enables structured extraction of regulated activities,
permits, fees, penalties, effective dates, and cross-references. At the reasoning layer, it creates a
foundation for benchmarks that test whether systems can navigate multiple layers of law, identify the
relevant jurisdictional authority, and reason about state-local or county-municipal overlap. By making
local law observable at national scale, LOCUS turns a fragmented body of public legal authority into
infrastructure for legal retrieval, regulatory extraction, comparative policy analysis, and legal-domain
language model evaluation.

We provide a summary of our corpus (§3), decision points necessary to create it (§4), evaluations of
the corpus (§5), and a discussion of how this can improve our understanding of the legal system (§ 6).

2 Related Work

Studying the law has been important in society for centuries [Holmes, 1897]. In the Information
Age, the law has become both immediately accessible but increasingly complicated. We are not
the first to create corpora for legal NLP [Steinberger et al., 2006, Aletras et al., 2016, Livermore
et al., 2017, Harvard Law School Library Innovation Lab, 2018]. Neural network era corpora such as
ECHR [Chalkidis et al., 2019] and pile of law [Henderson et al., 2022] contain case law, court and
administrative opinions, and legal codes but not the local law. The 162 tasks in LegalBench [Guha
et al., 2023] draw heavily from contracts and merger agreements and none involve local ordinances.

Access to the law is a historical challenge which has been reshaped in part by the internet. Georgia
v. Public.Resource.Org, Inc., No. 18-1150 (decided April 27, 2020) [Supreme Court of the United
States, 2020] upheld that laws, statutes, and court decisions are public domain, in so far as digital
content goes. Since that time the rise of large language models and other modern techniques has
enabled intelligent data processing on an unprecedented scale; standardizing over 9,239 one-thousand
page documents would not have been feasible several years ago. Local laws have been understudied
in part due to data access that we hope LOCUS will resolve.

3 Properties of LOCUS

Our corpus benefits both the technical and social science communities by providing valuable data and
insight. We discuss the harmonized LOCUS access layer and additional data provided for researchers.

3.1 A County-Harmonized Access Layer

LOCUS adopts a transparent simplification: for each U.S. county, it identifies the most substantial
available local code among the county ordinance code and the ordinance code of the county’s largest
municipality. This design does not purport to determine which layer of law controls in every doctrinal
context. Instead, it provides a reproducible substrate for retrieval, comparison, and future benchmarks
on state–county–municipal legal reasoning.

Figure 3 summarizes our publicly released corpus: 2,211,516 chunks of text, out of which the
majority are judged to be substantive laws in nature. We define substantive as concerned with rules
or enforcement, rather than any text that is purely structural, process-oriented, or purely context;
the majority of our annotations are rules. These substantive laws deal with four major categories:
buildings, business licensing, zoning, and nuisance. The remainder, roughly a third of the laws are
categorized with near 90% precision as other. We investigate the headers of these chunks and find
that other constitutes topics such as government, employment matters, and animal regulation (this
last category makes Alaska have a disproportionately large share of ’other’ chunks). Table 1 provides
examples that illustrate the diversity of laws.

3.2 Additional Data for Researchers

In addition to the released data, we collect an additional 7,000 documents of other cities and counties.
We intend to make this data available to researchers with signed release similar to MIMIC [Johnson
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Rules Enforcement Context Process
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Figure 3: We annotate our corpus at the chunk level along its Function, and the substantive laws
{Rules and Enforcement} according to the Topic referenced. Table 1 provides example texts.

>9k PDFs
7M PDF pages

OCR
to Markdown

Postprocess
Join, remove artifacts

Segment
into laws

Classify
• Substantive • Function • Topic

Score
• Opacity • Paternalism
• Enforcement Discretion • Salience

Figure 4: Processing pipeline. A corpus of more than 9,000 PDFs (7M pages total) is OCR’d
into Markdown, cleaned, and segmented into individual laws. Each segment is then independently
classified for function, topic, and substance and scored on four normative dimensions.

et al., 2016, 2023]. Given current LLM ingestion policies, we believe this is necessary for any future
evaluation of local law coverage by foundational models [Dahl et al., 2024].

4 Constructing LOCUS

An overview of the pipeline is shown in Figure 4.

4.1 Collecting the data

The original raw corpus contains 9,239 valid PDFs totaling approximately ∼80 GB. Constructing
LOCUS required solving a coupled systems and legal-data problem across thousands of jurisdictions.
Our pipeline uses browser automation and vendor-specific download logic to collect municipal and
county codes from major hosting platforms. The construction process surfaced several nontrivial
failure modes, including server-side PDF assembly limits, filename collisions among non-unique
municipality names, hidden interface thresholds, 15 second crawl delays, anti-bot measures, and
multi-county consolidated cities. Addressing these failures required targeted recovery techniques

4



Label Representative example

Function

RULES No direct seller shall engage in direct sales within the city without receiving a
permit for that purpose as provided herein.

ENFORCEMENT Any Code Enforcement Officer may issue notices of violation and administrative
citations, inspect public and private property, and enforce any available administra-
tive remedies.

STRUCTURAL Park Regulations 973.01 Adoption and purpose. 973.02 Powers. 973.03 Enforce-
ment. 973.04 Application to concessions.

CONTEXT The purpose of this notice and review procedure is to notify the public of the permit
review process for development proposed in areas having identified significant
resources and functional values.

PROCESS Application for a license required by this division shall be filed with the city clerk
on forms provided for that purpose.

Topic

BUILDINGS The registered design professional shall submit sufficient technical data to substan-
tiate the proposed alternative engineered design and prove that the performance
meets the intent of this code.

BUSINESS No direct seller shall engage in direct sales within the city without receiving a
permit for that purpose as provided herein.

ZONING Where a change of use of an existing structure requires additional parking or other
requirements applicable to a new use, a site plan shall be submitted for review.

NUISANCE Bike paths may be used only for the operation of bicycles and pedestrian use.
OTHER Monies appropriated for salaries, wages and related benefits shall not be used for

general operations, capital outlay, or other purposes without recommendation from
the Mayor and specific approval of a majority of the council.

Table 1: Representative examples for the five Function labels and the five merged Topic labels in
LOCUS. All items in the topic group are annotated as Rules or Enforcement in their function.

rather than a single generic scraper. Furthermore, we manually collect self-hosted or pdf-restricted
codes for cities and counties which are not covered by this methodology.

4.2 Identifying salient laws

Given the huge amount of data, and the diversity of its content and format, we employ a two-level
zero-shot approach as the initial labeling approach. Given that our data is being ingested in thousands
of different formats after OCR, we need to remove structural content (i.e., stray headers, table of
contents) and identify the substantive chunks.

After preliminary investigation of Anthropic and Gemini, we settle on OpenAI’s GPT-5.4 as a fast
and reliable annotator for this data [OpenAI, 2026]. After comparing a 500 sample of 5.4 mini and
nano, we select nano as a cost-effective and only marginally worse option for large-scale annotation.
Inspired by LLM-as-a-Judge [Zheng et al., 2023], we evaluate the 5.5% of annotations deemed most
challenging with a much more expensive GPT-5.4 model. The model agrees on 64,977 out of 108,889
predictions. The more advanced model often decreases its predictions of rules in favor of process and
enforcement. Crucially, no models hesitated in identifying structural content, which was ultimately
removed from our release. We intend to maintain this dataset and hope to get support from the
LLM and law communities in improving these annotations as we update the corpus. Ideally, direct
evaluation by lawyers and judges would enable us to exceed the limitations of LLM-as-a-Judge.

4.3 OCR and Processing

The ordinances are stored in diverse layouts and formats, including single- and double-column
layouts, born-digital, exported, and scanned documents, etc. To best handle this diversity, the pipeline
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for building LOCUS starts by running optical character recognition (OCR) to convert every image of
a page to Markdown.

We accomplish this with LightOnOCR-2-1B [Taghadouini et al., 2026], an open 1B parameter vision-
language model (VLM) based on Qwen-3 [Bai et al., 2025] finetuned on 16MM PDF pages that scores
highly on a standard OCR benchmark, OlmOCR-Bench [Poznanski et al., 2025]. LightOnOCR-2-1B
generates Markdown text from a page image. We find that this model is robust to the diversity of the
raw ordinances, consistently generating correct text in natural reading order.

The rest of our post-processing pipeline consumes the unified Markdown output to stitch together
laws across pages. We strip artifacts such as repeated headers, footers, and page numbers, and merge
content that crosses pages such as paragraphs and tables. The next stage of this post-processing
pipeline is to segment the joined content into individual laws, identifying section and subsection
headers.

The final step of our post-processing pipeline is to classify the substantivity, function, and topic of
each extracted law. We discuss the construction of these classifiers in 4.4. Each is trained on the
roughly 100M parameter ModernBERT-base [Warner et al., 2025] encoder, which enables us to
efficiently run inference on every law. Segments that are classified as purely structural, rather than
containing any laws, are omitted from the dataset.

The raw ordinances are contained in roughly 7M pages. We are able to scale our OCR pipeline on
Modal1. Given the relatively small size of LightOnOCR-2-1B and Modal’s batch inference support,
we were able to efficiently run the entire pipeline and process documents across all formats at roughly
$0.30 per 1,000 pages.

4.4 Annotating the Law

To organize the ordinances, we develop three classifiers: substantivity, function, and topic. A
breakdown of the label space and selected examples are shown in Table 1.

We build these classifiers by sampling 100,000 laws from the pipeline discussed in the previous
section and using GPT-5.4-nano to annotate each of them. The resulting labels are used to train a
ModernBERT classifier [Warner et al., 2025], which can be efficiently used for inference across the
rest of the dataset. The classifiers are trained using 80,000 samples for training, 10,000 for parameter
sweeps, and finally evaluated on a 10,000 instance subset.

From this collection, LOCUS-v1 derives a county-harmonized release that records a representative
local-law artifact for each covered county, together with the structured metadata from the classifiers.

4.5 Creating a Harmonized Access Layer

Our access layer illustrated in Figure 1 is built by a simple algorithm run on all the codes: for every
county in the United States, is there an existing county code and an existing city code, ideally from
the largest city in that county? If both exist, pick the longest by page length. This is an imperfect
process but length of code and population of jurisdiction were correlated.2 By doing this, we are
able to provide a code for counties representing 94% of the United States by population. Since for
example the second order city or the population living in the county outside the city are not captured
by this, this access layer applies to a smaller literal population than the full data.

5 A Dimensional Analysis of Local Laws

By linking the text of the laws to the locales in which they apply, LOCUS-v1 opens the door for new
types of analysis. In addition to the function and topic metadata, we annotate each ordinance in
LOCUS-v1 with dimensional data. We consider four dimensions:

1. Enforcement Discretion (highly discretionary to non-discretionary) — how much selective
judgment does the law leave to officials?

1https://modal.com
2Counties run on average slightly shorter than cities, but we opted for an easily interpretable selection algorithm rather

than introducing weights; this did not dramatically impact the final selection as certain states, such as Maryland, have much
more powerful counties than cities.
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-0.36 0 +0.36

Opacity (length-residualized)

plain opaque

-0.29 0 +0.29

Paternalism (length-residualized)

permissive paternalistic

Figure 5: The opacity and paternalism of laws varies across the country. LOCUS facilitates studying
the laws for macro trends such as discovering that Florida law is opaque but not paternalistic.

2. Opacity (opaque to intelligible) — how hard is it for an ordinary person to know what is
required?

3. Paternalism (paternalistic to externality oriented) — is it protecting the actor from themself
or protecting others/the public?

4. Problem Salience (highly salient to unimportant) —how strongly does it represent the issue
as important, urgent, or threatening?

Examples of laws occupying these dimensions are given in Figure 2. For instance, the law preventing
minors under the age of 16 from attending a festival unless accompanied by an adult is scored as
highly paternalistic, intelligible, with neutral discretion and salience.

Our core intuition is that these dimensions are continuous and that they can better be used to order
and measure laws rather than categorize them. Accurate models of dimensions allow us to bring into
focus particular aspects of the law. Incorporating all laws onto the same set of axes enables analysis
both within individual bodies of law (i.e., within a single city), but also for comparative analysis
across bodies.

5.1 Building LOCUS Scorers

For our dimensional analysis, we fine-tune a ModernBERT-base with a linear regression head for each
dimension to score a law. For each dimension, we generate 10,000 scores using 200,000 pairwise
LLM-as-a-judge match-ups between ordinances. During each match, we ask the LLM to compare
the two ordinances along a specific dimension, and return which better exemplifies that dimension.
The model outputs A, B, or Tie. Order can produce bias in pairwise judgement [Liu et al., 2024],
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so every (A, B) comparison pair is also judged in reverse order (B, A). Pairwise comparison aligns
better with human judgement than direct/numeric scoring [Liu et al., 2024], motivating us to use it
for dimensional scoring. Each ordinance’s match history is used to compute its latent score along
each axis using the Bayesian skill rating system, TrueSkill [Herbrich et al., 2006]. This gives us a
total ordering over the sampled ordinances, along with an underlying mean, µ.

To train the regression model, we normalize the scores to their z-score by subtracting out the
dimension’s mean and dividing its standard deviation. For each dimension, we split the 10,000 scored
ordinances into a training set (n=8,000), validation set (n=1,000), and test set (n=1,000). We fine-tune
a ModernBERT regression model to predict the normalized TrueSkill score, using mean-squared
error as our loss function. To evaluate the model, we compute Pearson correlation on the test set.
This technique is inspired by the methodology behind Havelock.ai, an AI-powered orality detector
that scores text on how oral or literate it is [Weisenthal, 2026].

The dataset for each dimension is constructed using a fixed 10,000 ordinance sample, and 200,000
pairwise comparisons using GPT-5.4-nano. We report the Pearson correlation coefficient of the
trained BERT models versus the TrueSkill values in Figure 6. Each dimension has a correlation
of between 0.82 and 0.94, implying the BERT-based scorers largely capture the dynamics of the
TrueSkill model. We provide the prompts plus a sample of high- and low-scoring laws along each
dimension in Appendix A. We also provide a website to view the TrueSkill scores for the 10,000
laws along each dimension.3 We can use these scores to analyze the laws and correlate them with
real-world values of interest, discussed in the next section.

5.2 Analysis

Figure 5 demonstrates the importance of studying this at a nationwide rather than a single case level.
For example, counties are notably more opaque than cities on average and Florida is more than twice
as opaque as any other state. Studying multiple dimensions in tandem can unlock new insights into
unique laws; opacity and paternalism are only weakly correlated across sections (Pearson r=0.11 on
n=2,211,516).

Finding interesting needles in this haystack of laws can be facilitated through this evaluation. For
example, curfews are detected with paternalism and a subsequent analysis of the data provides insight
into curfew distribution for minors across the United States. Headers containing ’possession’ and
’alcoholic’ are associated with paternalistic laws while ’definitions’ and ’variances’ are associated
with opaque ones.

2 0 2
Normalized TrueSkill

Paternalism  (r = 0.822)

3
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2 0 2
Normalized TrueSkill

Opacity  (r = 0.909)

2 0 2
Normalized TrueSkill

Enforcement Discretion  (r = 0.872)

2 0 2
Normalized TrueSkill

Problem Salience  (r = 0.936)

Figure 6: The Pearson correlation between the predicted BERT scores and the normalized TrueSkill
scores on 4 distinct test sets (1,000 ordinances per dimension).

6 Discussion, Limitations, and Future Work

LOCUS-v1 is designed as an access layer, not as a final theory of local legal authority. Its county-
harmonized release adopts a transparent simplification: for each county, we select the most substantial
available local code among the county code and the code of the county’s largest municipality. This
design makes local law searchable and comparable on a national geographic substrate, but it does not
determine which rule controls for a particular person, parcel, business, or legal question. In local

3https://locallaws–locus-leaderboards-web.modal.run
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law, authority is layered. State statutes, home-rule provisions, county ordinances, municipal codes,
charters, preemption doctrines, and issue-specific delegations may all matter. LOCUS therefore
should be understood as infrastructure for retrieval, comparison, and benchmark construction rather
than as a substitute for doctrine-sensitive legal analysis.

The corpus itself shows why this distinction matters. City and county codes are not interchangeable
legal objects. Across the raw corpus, county codes contain substantially more zoning material,
while city codes contain more nuisance and public-order regulation. This pattern is consistent
with a functional division of local authority: counties more often regulate land, development, and
unincorporated territory, while cities more often regulate density, proximity, and everyday public
order. For downstream users, this means that jurisdiction type is not merely provenance metadata.
It is part of the substantive representation of local law. Models trained or evaluated on local codes
should therefore preserve whether a text comes from a municipal or county source, even when the
release is harmonized to a county-level unit of analysis.

LOCUS also reveals that local codes share a common representational architecture. When ordinances
are ordered by their position in a code, topics tend to appear in a stable sequence: general provisions
and governmental structure near the front, followed by business regulation, nuisance and public-order
rules, zoning, and building regulation. This finding suggests that local law is not simply a bag of
rules. It is organized through a recurring documentary form. That form matters for legal AI. Retrieval
systems, chunking strategies, and benchmark designs that ignore position within a code may miss
information embedded in the structure of codification itself.

At the same time, LOCUS documents the limits of any simple national harmonization. In much
of the country, counties and cities follow the functional pattern described above. In the Northeast,
however, the relationship changes: counties appear less zoning-heavy and more enforcement-oriented,
consistent with a different institutional history in which towns and municipalities retain more primary
land-use authority while counties often perform administrative, health, or enforcement functions.
The implication is not that harmonization is impossible. Rather, it is that harmonization must be
explicit about what it preserves and what it abstracts away. A county-level substrate is useful because
counties form a mutually exclusive and exhaustive national geography, but the legal meaning of a
county code is not constant across states and regions.

These limitations point directly to the next generation of legal AI benchmarks. A system that can
answer questions about local law must do more than retrieve a plausible ordinance. It must identify
the relevant layer of government, distinguish city from county authority, incorporate state-law context,
recognize when multiple sources overlap, and reason about whether a retrieved text is actually
controlling for the issue at hand. LOCUS-v1 provides the text, metadata, and geographic substrate
needed to build those tasks while preserving a clean separation between corpus construction and
future evaluations of legal reasoning.

More broadly, LOCUS shows that freeing the law is not only a problem of access. It is a problem of
representation. Local ordinances were formally public before LOCUS, but they were not available as
a national object of machine reading, systematic comparison, or computational legal analysis. Once
made observable at scale, local law appears neither as an undifferentiated mass of rules nor as a
set of isolated municipal idiosyncrasies. It has structure: a recurring architecture of codification, a
functional division between jurisdictional forms, and regionally specific institutional variation. These
are precisely the kinds of structure that legal AI systems must learn to respect if they are to move
from text retrieval toward reliable reasoning over public authority.
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A Scoring Prompts

We elicit pairwise judgments from GPT-5.4-nano using a single shared template, parameterized by a
rubric for each axis.

Pairwise Comparison System Prompt

You are evaluating local laws along the dimension of "{{ axis }}"
{%
Read the following two laws and determine which has a GREATER degree of {{ axis

}} according to the rubric above.
Respond with the winner and a one sentence explanation of why it is the winner.
-----
Law A
-----
{{ law_a["header"] }}
{{ text_a }}
-----
Law B
-----
{{ law_b["header"] }}
{{ text_b }}
-----
Respond in the following JSON format only:
‘‘‘json
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{
"winner": "A" or "B" or "Tie"
"reasoning": "one sentence explanation"

}
‘‘‘

Axis Rubric: Problem Salience

# Problem Salience
Problem salience measures how strongly the law represents the regulated issue

as important, urgent, or threatening.
A high-salience law uses charged framing (crisis, epidemic, threat),

findings/preambles emphasizing severity, or heightened penalties signaling
gravity.

A low-salience law treats the issue as routine, technical, or administrative
without rhetorical emphasis on stakes.

Axis Rubric: Paternalism vs. Externality Orientation

# Paternalism vs. Externality Orientation
Paternalism vs. externality orientation measures whether the law is primarily

protecting the regulated actor from themself or protecting others/the
public from the actor’s conduct.

A highly paternalistic law targets self-regarding behavior (harms or risks
borne mainly by the actor).

A law oriented toward externalities targets conduct whose harms fall on third
parties or the public at large.

Axis Rubric: Opacity / Intelligibility

# Opacity / Intelligibility
Opacity / intelligibility measures how hard it is for an ordinary person to

know what the law requires of them. A highly opaque law relies on dense
cross-references, technical jargon, undefined terms, or convoluted
structure that obscure the obligations.

A low-opacity (highly intelligible) law states its requirements in plain,
self-contained language a layperson can readily understand.

Axis Rubric: Enforcement Discretion

# Enforcement Discretion
Enforcement discretion measures the degree to which a citizen’s exposure to

enforcement under a law depends on official choice rather than on the
citizen’s own conduct.

It is high when two factors compound: (1) breadth of exposure -- the pool of
citizens potentially subject to the law is large because its triggering
conditions are vague, evaluative, or so commonly met that many qualify as
eligible targets; and (2) textual latitude -- the statute’s language gives
officials wide freedom over whether, when, against whom, and how to act.

A law that exposes a vast pool but mandates uniform enforcement leaves
officials little real choice; a law that grants officials sweeping
latitude but exposes no citizens to enforcement at all -- e.g., provisions
concerning only internal government structure, personnel, contracting, or
interagency procedure -- creates no opportunity for capricious wielding.

The score floor is reserved for laws1 that do not act on private parties; the
score ceiling for laws under which many citizens stand exposed and
officials choose freely among them.
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B Annotation Prompt

We prompt gpt-5.4-nano for an initial zero-shot classification, and review anything evaluated flagged
annotations (5.5%) with a second pass of gpt-5.4.

Annotation Prompt

SYSTEM_PROMPT = (
"You are a legal text classifier specializing in municipal and county "
"codes. Return only a JSON object that matches the provided schema."

)

REVIEW_SYSTEM_PROMPT = (
"You are a senior legal QA reviewer. Review the first-pass classification "
"carefully, correct it when needed, and return only a JSON object that "
"matches the provided schema. Treat Process as the label for operative "
"administrative procedures, delegated authority, internal governance rules,
"
"meeting/quorum/voting rules, board composition, appointments, elections, "
"hearings, notice requirements, and permitting workflows. Use Structural "
"only for non-operative artifacts or formatting noise such as headers, "
"tables of contents, HTML fragments, history/source notes, page markers, "
"cross-reference lists, and similar text that does not itself state an "
"operative rule or procedure."

)

USER_INSTRUCTIONS = """
Task: Classify the provided text by its primary legal function.

Allowed primary_function values:
- Context: defines terms, scope, or introductory intent.
- Rules: imposes permissions, obligations, or prohibitions.
- Process: describes administrative procedure, authority, or government

structure.
- Enforcement: specifies penalties, violations, appeals, or exceptions.
- Structural: non-substantive artifacts such as section headers, tables of

contents, HTML, history/source notes, page numbers, or formatting remnants.

Output rules:
- is_substantive must be 1 only for Rules or Enforcement. Otherwise use 0.
- primary_function must be exactly one of: Context, Rules, Process,

Enforcement, Structural.
- sub_category must be null when is_substantive is 0.
- When is_substantive is 1, sub_category must be exactly one of:

Land use, Noise/Nuisance, Housing, Business licensing, Public space,
Building/Safety, Other.

- logic must be one short sentence.
""".strip()

REVIEW_INSTRUCTIONS = """
Task: Review a first-pass legal text classification and produce the final
corrected classification.

Rules:
- If the first-pass classification is correct, keep it and set review_outcome to

"confirm".
- If the first-pass classification is incorrect, correct it and set

review_outcome to "override".
- If the first-pass classification is missing or invalid, classify from scratch

and set review_outcome to "fresh".
- Keep the same classification rules and category set as the first pass.
- Treat operative internal governance text as Process, not Structural. This

includes board composition, quorum, voting, meeting procedures, delegation of
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authority, appointment/removal rules, election administration, hearings,
notice, application steps, and similar administrative workflows.

- Use Structural only for non-operative artifacts/noise such as section headers,
article labels, tables of contents, page markers, history/source notes, HTML,
formatting remnants, or cross-reference lists that do not themselves contain
operative requirements.

- Derive is_substantive from primary_function: use 1 only for Rules or
Enforcement; use 0 for Context, Process, and Structural.

- review_logic must briefly explain why you confirmed, changed, or freshly
classified the text.

""".strip()

CLASSIFICATION_SCHEMA = {
"type": "object",
"additionalProperties": False,
"properties": {

"is_substantive": {"type": "integer", "enum": [0, 1]},
"primary_function": {

"type": "string",
"enum": [

"Context",
"Rules",
"Process",
"Enforcement",
"Structural",

],
},
"sub_category": {

"anyOf": [
{

"type": "string",
"enum": [

"Land use",
"Noise/Nuisance",
"Housing",
"Business licensing",
"Public space",
"Building/Safety",
"Other",

],
},
{"type": "null"},

]
},
"logic": {"type": "string"},

},
"required": [

"is_substantive",
"primary_function",
"sub_category",
"logic",

],
}
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